The particular coreceptor used by a strain of HIV-1 to enter a host cell is highly indicative of its pathology. HIV-1 coreceptor usage is primarily determined by the amino acid sequences of the V3 loop region of the viral envelope glycoprotein. The canonical approach to sequence-based prediction of coreceptor usage was derived via statistical analysis of a less reliable and significantly smaller data set than is presently available. We aimed to produce a superior phenotypic classifier by applying modern machine learning (ML) techniques to the current database of V3 loop sequences with known phenotype. The trained classifiers along with the sequence data are available for public use at the supplementary website: http://genomiac2.ucsd.edu:8080/wetcat/v3.html 145 
T
HE ENTRY OF HIV-1 into a host cell is a two-stage process. First, the viral envelope glycoprotein binds to the cell surface molecule CD4, inducing a conformational change in the gp120 ectodomain of the protein. Second, the glycoprotein docks to a seven-transmembrane chemokine coreceptor on the cell surface, triggering the presentation of its gp41 transmembrane segment. This sequence of events results in membrane fusion and penetration of the virus into the cytosol. 1 The two principal coreceptors used by HIV-1 are CXCR4 and CCR5, members of the CXC and CC chemokine receptor families, respectively. 2 The particular coreceptor used by a strain of HIV-1 (CXCR4 vs. CCR5) largely defines its replication kinetics and cytopathology in vitro. Moreover, coreceptor usage is indicative of the pathogenicity, tissue tropism, and transmissibility of a virus in vivo. Unsurprisingly, the determination of this viral phenotype is critical in a wide variety of HIV research contexts.
Several experiments have been conducted on HIV isolates to pinpoint the genetic basis underlying coreceptor preference. The generation and analysis of chimeric (recombinant) viruses have localized the primary determinant of coreceptor usage to the 35-amino acid V3 loop subregion of the HIV envelope glycoprotein. 3 Earlier work involving statistical analysis of V3 loop amino acid sequences and their respective phenotypes suggested that the presence of a positively charged residue at positions 11 and/or 25 of the V3 loop (numbered according to the North American consensus; see Fig. 1 ) conferred the ability to dock with CXCR4, while CCR5 binding is the default condition. 4 To date, this "charge rule" is the most accepted method of sequence-based prediction. However, prediction based on this rule does not always align with experimental determination of coreceptor usage. 5 The inaccuracy of the charge rule is most likely due to the comparatively sparse and unreliable data that were available at the time of its creation. Since then, the number of sequences with known phenotype has increased substantially, and the laboratory-based assays used to generate the data have improved. Another possible candidate for a deficiency in this predictive scheme is the consideration of only 2 of the 35 available amino acid positions in the V3 loop.
Modern machine learning (ML) techniques for class prediction can provide advantages over traditional statistics in terms of their abilities to identify and exploit interactions between feature variables. In addition, the rules they generate can often be interpreted with relative ease. 6, 7 ML has already proven extremely useful in segregating biological sequence data into functional classes. 8, 9 We used a variety of ML approaches to develop a better classifier of coreceptor usage and to assess the impact of other V3 loop attributes on viral tropism.
All the V3 loop sequence entries containing documentation of experimentally determined coreceptor usage were downloaded from the Los Alamos National Laboratory HIV Sequence Database, and duplicate sequences were removed. V3 loops less than 34 or more than 36 amino acids in length were deleted from the data set in the interests of producing a relatively gap-free alignment (Table 1 ). CLUSTAL W 10 was used to generate an automated multiple sequence alignment of the remaining 271 sequences, using the default parameter settings.
Classifiers were trained to make the distinction between viruses capable of using CXCR4 as a coreceptor, versus those that were incapable. Dual-tropic (R5X4) viruses were therefore pooled into the X4 class. Each sample in the initial training set included the amino acid character (or gap) at each of the 40 positions in the V3 loop alignment.
All the experiments in this analysis were conducted using WEKA (the Waikato Environment for Knowledge Analysis), an open source collection of data-processing and machinelearning algorithms. 7 Written in Java, it runs on most platforms and is available for free download at http://www.cs. waikato.ac.nz/ml/Weka/. Of the many techniques for classification included in the WEKA package, we chose to focus on an implementation of the Quinlan C4.5 decision tree inducer called "j48," an algorithm that builds rules from partial decision trees constructed with C4.5, called "PART," and a sequential minimal optimization-based implementation of support vector machines (SVM). 11, 12 One hundred iterations of stratified 10-fold cross-validation were used to evaluate the different classifiers and training set compositions. For each of 100 trials, the data set was randomly divided into 10 groups of approximately equal size and class distribution. For each "fold," the classifier was trained using all but 1 of the 10 groups and then tested on the unseen group. This procedure was repeated for each of the 10 groups. The cross-validation score for 1 trial was the average performance across each of the 10 training runs. The reported score is the average across the 100 trials. The same divisions of the data set were used for each type of classifier (including the change rule) to allow for direct comparison.
In the first trial, we compared the abilities of four classifiers, the charge rule, SVM, C4.5, and PART, to accurately predict the coreceptor usage of HIV-1 V3 loop amino acid sequences.
The second trial compared the performance of these classifiers on the same data set but with positions 11 and 25 deleted. To reiterate, positions 11 and 25 of the V3 loop constitute the entire basis of prediction for the canonical charge rule predictor. We eliminated this information from the training data for the second trial in the interests of both informatics and biology; we aimed to assess the capacity of machine learning to unearth novel information content, while concomitantly identifying new areas within the loop that influence HIV coreceptor usage.
The results presented in Table 2 indicate that we can generate a more reliable sequence-based predictor of HIV coreceptor usage by employing a variety of ML techniques. In addition, classifiers trained on sequences lacking positions 11 and 25 produce results competitive to the conventional method and to classifiers constructed using the entire available feature set. Trials conducted with a variety of different sequence attributes resulted in fairly consistent construction of classifiers performing near 90% accuracy in cross-validation trials (data not shown * ), suggesting that information regarding coreceptor usage is widely distributed throughout the V3 loop.
Throughout all our trials, the SVM was consistently the best phenotypic classifier. Table 3 summarizes its class-specific performance in cross-validation on the full sequence set.
An obvious benefit of the conventional charge rule is its simplicity. Implementing a simpler method may be desirable, especially if significantly more complex schemes provide only marginally better results. In the interest of succinctness, we constructed decision trees using only two V3 loop attributes. The tree in Fig. 2 was constructed with the two sequence attributes identified as having the highest information content with regard to coreceptor usage. Using only positions 7 and 11 (positions 8 and 12 in our alignment), we were able to automatically construct a theoretical framework that consistently outperformed the charge rule (Fig. 2) . Moreover, this rule set had the second highest cross-validation score, 89.97%, and constituted the fourth-best classifier overall by correctly classifying 90.77% of the training set.
It is worth noting that when limiting the search to predictors formed from only two V3 positions, the combination of positions 11 and 25 does not provide the greatest information content. Position 11 is certainly the most predictive, but position 25 does not contribute much additional information (Table 2) . Surprisingly, rules generated using only position 11 result in slightly better classification performance than rules that include position 25 (data not shown * ). A small but significant subset of the isolates within the data set was consistently misclassified by most of the classifiers, even when they were included in the training set. The final step in our analysis concentrated on unearthing a common element between those isolates that were misclassified when using the entire data set for both training and testing. As mentioned earlier, in addition to R5 and X4 strains there is a third phenotypic class of "dual-tropic" R5X4 variants that can utilize either chemokine receptor to enter a target cell. It has been hypothesized that dual-tropic viruses may represent an intermediate evolutionary stage between full-fledged X4 strains and their CCR5-utilizing ancestors. 13 Our classifiers were trained to make the distinction between viruses capable of using CXCR4, dual-tropic viruses included, versus those that were incapable. It is likely that dual-tropic viruses use a different "sequence key" to unlock the X4 door than conventional (monotropic) CXCR4-using strains, because they have retained the capacity to bind CCR5 as well. Therefore, these isolates may be incorrectly labeled as "X4 incapable" by our classification methods, and hence contribute disproportionately to the various error sets.
We investigated this possibility by tallying the monotropic and dual-tropic sequences in each error set and comparing these numbers against the total in each category (250 monotropic and 21 dual-tropic isolates). The data in Table 4 unequivocally demonstrate that dual-tropic variants are significantly overrepresented in all error sets (p , 0.01, Fisher exact test), speaking to the biological uniqueness of the R5X4 class, and to the efficacy and sensitivity of the classifiers themselves.
To determine whether there was a consistent sequence pattern associated with this third phenotypic class, each of the classifiers was implemented to classify the data into R5, X4, and R5X4 (dual-tropic) isolates.* However, the classifiers could not satisfactorily perform this task, likely because of the inadequate number of available training cases in the dual-tropic category.
The two primary goals of this project were to create a better classifier of coreceptor usage based on V3 sequence and to identify new biologically meaningful positions within this region. Our results indicate a marginal improvement in performance over the established charge rule, and demonstrate conclusively that positions within V3 other than positions 11 and 25 can be substantially informative in determining HIV phenotype. Furthermore, examination of the linkage between these newly implicated positions and the two relied on by the conventional classifier suggests that they contain novel, independent information pertaining to coreceptor usage. 1 
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FIG. 2.
Decision tree constructed using C4.5 trained on positions 7 and 11 of the V3 sequence (positions 8 and 12 in the alignment).
A limitation to classifier performance stems from the minor subset of V3 loop sequences that violate the sequence-phenotype relationships exhibited by the vast majority of training cases. We determined that a large proportion of these cases represent a third, biologically distinct phenotypic class of dualtropic isolates that can utilize either chemokine receptor to enter a target cell. It is likely, therefore, that these errors were reflections of a conflict between the two-way classification task and the tripartite structure of the phenotypic data, rather than a shortcoming in the classifiers themselves.
Our revisitation of the conventional prediction scheme suggests that the charge rule may in fact be somewhat obsolete. Predictions based on position 11 alone were on average more accurate than those based on positions 11 and 25. Considering that the statistical derivation of the charge rule was performed several years ago, it is possible that the inclusion of position 25 reflects a sampling bias in the significantly smaller data set available at that time.
Experiments involving mutagenesis of the HIV-1 envelope glycoprotein have introduced the possibility that positions outside the V3 loop may also influence viral tropism. 14 We would like to apply the same ML techniques to systematically determine how sequence positions within the HIV-1 envelope but outside the V3 loop subregion modulate coreceptor usage. This will depend on the large-scale generation of full-length envelope sequences with corresponding phenotypic data. In addition, as in vitro assays become more sophisticated, it should be possible to describe coreceptor usage on a continuous scale, rather than by categorizing the data into discrete, arbitrary classes. This information will allow for a high-resolution map of sequence against phenotype, whereby subtle changes in sequence could be predictive of minor effects on coreceptor preference.
The most significant contributions of this work are the elucidation of predictive V3 positions other than positions 11 and 25, and the demonstration of the power of machine learning for rapid knowledge discovery based on protein sequence. In an age when sequence data are being generated at an astonishing pace, machine learning is an invaluable tool for fluently bridging the gap between genotype and phenotype. 
